Image inpainting is the process of filling in the missing region to preserve continuity of its overall content and semantic. In this paper, we present a novel approach to improve an existing scheme, called exemplar-based inpainting algorithm, using Topological Data Analysis (TDA). TDA is a mathematical approach concern studying shapes or objects to gain information about connectivity and closeness property of those objects. The challenge in using exemplar-based inpainting is that missing regions neighborhood area needs to have a relatively simple texture and structure. We studied the topological properties (e.g. number of connected components) of missing regions surrounding the missing area by building a sequence of simplicial complexes (known as persistent homology) based on a selected group of uniform Local binary Pattern LBP. Connected components of image regions generated by certain landmark pixels, at different thresholds, automatically quantify the texture nature of the missing regions surrounding areas. Such quantification help determine the appropriate size of patch propagation. We have modified the patch propagation priority function using geometrical properties of curvature of isophote and improved the matching criteria of patches by calculating the correlation coefficients from spatial, gradient and Laplacian domain. We use several image quality measures to illustrate the performance of our approach in comparison to similar inpainting algorithms. In particular, we shall illustrate that our proposed scheme outperforms the state-of-the-art exemplar-based inpainting algorithms.
INTRODUCTION
Nowadays users of many photo sharing platforms may want to edit their photos before sharing them. Editing's may include deleting distracting scene elements, recovering image content in certain image regions. To perform these previously mentioned editing operations and many others, one might need to automatically fill-in specific regions in the image. The art of modifying an image in a way which cannot be noticeable by human eye, or an ordinary detector, is known as image inpainting. Roughly speaking, in image inpainting in most of the cases automatic region-filling is required. Due to its inherent ambiguity and complexity of natural images, image inpainting remains an active area of research for the past few decades and still challenging.
In general, applications of image inpainting are application dependent such us restoration of old paintings, black and white movies, and removing unwanted objects from images (or films). Image Inpainting is to attempt and fill a gap in an image with some significant data based on information in the rest of the image. There are several image inpainting approaches which have been improved in the recent years. These approaches are roughly classified into two main types: non-exemplar based approach and exemplar-based approach.
Firstly, the non-exemplar based methods are those algorithms whereby Partial Differential Equations (PDE) will be used to fill in the information of the missing region via propagating information from the rest of the image (or missing region neighboring areas). Bertalmio et al. in [1] , were the first to use the notion of digital image inpainting using 3rd order PDE to recover the damaged region along the direction of isophote. Inpainting process starts by manually selecting the damaged region to be inpainted. In this method, filling-in the missing region Ω will be done automatically based on the information surrounding Ω in a way such that isophote lines arriving at the boundaries of inside Ω see Figure 1 Total variation (TV) and Curvature Driven Diffusion (CDD) model has been introduced by Chan and Shen [2] , [3] respectively. Inpainting using TV will preserve edges and lines better in comparison with other techniques. While CDD, which is an improved version of TV, will enable Inpainting large areas.
In the last two decades, researchers were trying to propose new algorithms based on PDE to restore small cracks or remove lines, texts and dates from old images [1] , [2] , [3] , [4] , and [5] . They used second order (linear and non-linear) PDEs because it is easy to calculate like diffusion equation and TV. But second order PDEs can only reconstruct small regions and they will fail in edges and corners. Therefore, higher order PDEs become interested by the researcher as they preserve continuation during reconstructing the missing region. Thus, succeeded in recovering edges and corners and solved the limitations in second order PDEs. It is worth mentioning that, higher order PDEs are time-consuming and not easy to compute. Also, when the missing region is large and rich textured, PDE algorithms will produce blurring artefacts.
Secondly, therefore, the exemplar-based inpainting techniques was proposed for the task of recovering large missing regions (or rich-textured regions). In [6] Criminisi's et al. was the first to propose the idea of using patch based-exemplar algorithm, where they simultaneously reconstructed the missing region's texture and structure. This task is mainly depending on the filling order decision to make sure that linear structures will be propagated before texture filling and thus the connectivity and continuity of object boundaries will be preserved. This approach is not working well when one wants to remove the large object and the surrounding area is rich with texture.
There are several studies about adjusting the algorithm in [6] by redefining confidence term, data term formula, and matching criteria [7] , [8] , and [9] . Other studies have worked on the efficiency of this algorithm, such as Waykule et al. [10] proposed a new algorithm for eliminating big objects from photographs/images, through redefining the data term by using a bi-dimensional Gaussian kernel filter on the positions of the control points of contour into damaged region, also Gaussian kernel filter has been used in [7] .
As previously mentioned, a number of algorithms have been proposed to improve the work in [6] . First category of those algorithms have been focused on improving reconstructed texture [7] , [8] , [11] , [12] , and [13] whereas the second category modified the work in [6] to restore structure into the missing region more accurately from the surrounding areas [9] , [10] , [14] , [15] , and [16] .
In a recent work, Z. Xu and S. Jian [14] proposed a gradient-based search space reduction. The spatial behavior of selected regions to be implanted is controlled by a gradient vector. Also, they used a different distance measure for determining the patch matching.
In addition, Shivani el al. [17] utilized three algorithms which are: Exemplar-Based inpainting technique, Discrete Cosine Transform (DCT) Based-technique and Fast Marching Method (FMM) to remove the unnecessary objects from the destroyed image and replacing them with visually acceptable backgrounds. The authors in [8] and [12] , presented an adapted fast and improved exemplar-based inpainting technique to solve the unknown row filling difficulties. Since exemplar-based algorithm results almost always depend on the selection order, this technique redefined priority function to improve selection order so that the results get relatively better.
In this paper, we further follow and improve the ideas in [12] , [13] , and [16] by using geometrical structure features of images. In particular, we will further improve the inpainted region when surrounding area is rich with texture and structure. The main contributions of this work can be summarized as follow: (1) The size of the patch (a window to be searched for its match in the whole image) determined based on the quantity of texture in the surrounding areas of the missing region via Topological Data Analysis (TDA) scheme.
(2) The filling priority of the patch is determined by the geometrical properties of curvature of isophote.
(3) Introduce different patch-matching scheme, which can be divided into two stages; firstly, calculating the Sum of Squared Distance (SSD) for Laplacian, gradient and spatial domains of the image and selecting the nearest 30 patches. Secondly, measuring the normalized cross-correlation coefficient of these 30 patches in stage one to select the nearest patch.
The rest of the paper is organized as follow. Section 2 introduces a review of traditional exemplar-based image inpainting. We present a topological data analysis in Section 3. Patching filling priority illustrates in section 4. New matching criteria introduces in section 5. The results of our algorithm are explained in section 6. Performance of our technique is examined in Section 7. Finally, in section 8 we finish the paper by giving the conclusion and future directions.
TRADITIONAL EXEMPLAR-BASED INPAINTING TECHNIQUE
Many image inpainting schemes restore the patches in images by propagating geometrical structures into the missing region by diffusion, which is inspired by partial differential equations of physical heat flow. Exemplar-Based Inpainting (EBI) algorithm is based on what is known as 'priority function' to select a patch which is needed to recover first, and then finding the nearest patch outside the missing region to the selected patch using the matching function. According to [6] , the patch size has been fixed to be 9-by-9 pixels. In particular, for any input image that has a missing region, according to [6] using EBI algorithm. They usually select a patch (template patch) from the border based on the 'priority function, which is determined by gradient operator of the missing region, which means computing the amount of texture and structure information inside the template patch on the border of the missing region. This patch has a known and missing information. To recover the missing information, a matching function has been used to find the closest patch (target patch) that has similar information based on sum of squared distance (for example ′ or ′′ ). After selecting the target patch, they update the template patch by copying the information from the target patch. This process will be repeated until recovering all the missing regions, see Figure 1 .
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Figure 1: EBI notation diagram in [6] . Given the patch , is the normal to the contour Ω of the target region Ω and ∇ ⊥ is the isophote (direction and intensity) at point . The entire image is denoted with .
Nonetheless, fixed size of patch propagation (i.e. 9-by-9) will produce visual artifacts when the surrounding area of missing region is very rich with texture and structure [6] . Also, the priority function cannot precisely locate positions on the border of the missing region where there is a strong and long edges in the surrounding area. Moreover, there is plenty of work done to improve and redefine the priority function such as [10] , [11] , [12] , and [13] . Lastly, in [6] the authors used the sum of the SSD to search for the best matching patch. Again, many approaches has been proposed to improve this search such as [9] , [13] , [14] and [17] . All in all, EBI can only be applied to images which have simple texture and structure in missing regions surrounding area otherwise artifacts will be produced while filling missing region in a way which is not visually acceptable [6] .
Our work intends to overcome and consequently improve EBI in terms of the size of patch propagation, improving the priority function and matching criteria, and reducing the artifact problem to an unnoticeable level. To accomplish this task, we apply the emerging Topological Data Analysis scheme.
TOPOLOGICAL IMAGE ANALYSIS
Nowadays, we live in the era of BIG data, this is because of the easy access and availability of powerful and highperformance devices that produce thousands of images and streams of data in one hand and new/complex experimental methods on the other hand. Therefore, extracting meaningful (or understandable) information from high dimensional and complex data sets is not an easy task. One of the traditional methods to extract insights from data is focusing on pairwise relations among data points. But nowadays data is more complex, noisier and has more missing information than the past [18] . Therefore, we need methods of information extraction that goes beyond pairwise relations between specific data points. TDA is a new field of mathematics understanding high and complex data sets. TDA uses topological methods to construct shapes/objects from data and then studies geometric properties of those shapes such as connected components, loops (or holes), voids and other topological properties. The power of topology for data/image analysis goes back to three main properties that enables topology to be applicable for data/image analysis. These three properties are coordinate free, invariant under deformation and compressed representation which explained in detail in [18] . Generally speaking, in order to build/extract shapes from data, one needs to construct a finite combinatorial object known as Simplicial Complexes (SCs).
Topological properties of simplicial complexes can be studied by their homology. In other words, through homology one can measure topological properties, such as Connected Components (CC), of missing region's neighboring area. In this work, we focus on computing the number of CC of constructed simplicial complexes of missing regions surrounding areas.
Homologically, the calculated number of CC outside missing region from constructed simplicial complexes is equal to zero homology groups. Persistent homology refers to building a sequence of simplicial complexes over a sequence of distance thresholds. In this work, we used Euclidean distance as distance thresholds together with landmark points based on a selected group of LBP codes known as Uniform LBP (ULBP).
True topological features of missing region's surrounding areas are those survive after changing the distance threshold and this is exactly the idea persistent homology based on [19] . The topological features that are not surviving when changing the distance threshold will be treated as noise [20] , [18] . Selecting a very small distance threshold will result in producing zero-dimensional simplices whereas selecting a sufficiently large distance threshold will produce a single simplicial complex (Shape) which is high-dimensional. We refer the reader to see [21] for an up to date survey about recent application scope of TDA. The first step in building SCs starts by extracting landmark points from the image of interest to represent zero-dimensional simplices. For this task, we use LBP and hence we next briefly introduce LBP.
Local Binary Pattern
More than two decades ago LBP invented by Ojala et al [22] to describe and segment texture in images. This is because texture plays important role in many applications of computer vision and digital image analysis. Original LBP labels each input pixel with an 8-bit binary code, which encodes local structure, determined by the value of 8 neighboring pixels.
Starting from the top left corner, the process begins by subtracting the center pixel from neighboring pixels in a 3x3 window surrounding it in a clockwise order where 0 will be assigned to the cell when the subtraction result is 0 and 1 otherwise. The resulting LBP code, at a given pixel can be expressed in a decimal form through the following two equations:
(1)
where is the neighboring grey value pixels, is the center grey value pixel, and the function ( ) is as follow:
ULBP codes refer to 8-bit circular bytes that contain at most 2 circular transitions. For example, 10000001 (1-transition), 00000000 and 11111111 have 0-transition while 10101010 and 10011001 are examples of non-uniform patterns. Ojala et al. in [23] experimentally proved that 90.6% of all LBP codes of texture images are uniform patterns and that monochrome images have 58 distinct ULBP codes. Histogram of ULBP codes used as a discriminating feature in pattern recognition applications. Different versions of LBP have been developed to improve the performance of different pattern recognition where texture plays an important role as a discriminating feature. In this work, we use 7 groups of the nine groups of ULBP geometries described in [24] . The 7 groups we use in our experimental tests are those that have 8 rotations each such that G1 has one '1' in its ULBP code, G2 has two '1's in the ULBP code and so on for the rest of the geometries. The two ULBP groups we neglect are 11111111 and 00000000.
Topological Exemplar-Based Inpainting
Many algorithms proposed to modify and improve Criminisi's et al. approach such as [9] , [11] , [15] , and [10] but to the best of our knowledge no algorithm has been proposed to improve the patch size selection in Criminisi's et al. algorithm. We started by examining surrounding areas of the missing region in an image using TDA to quantify the amount of local texture exists in missing region's surrounding area and then finding a correlation between structure/texture and the patch size. We first transform the image into LBP domain. Then use ULBP codes as landmark points (i.e. as a 0-simplices) to start building a sequence of increasing Rips complexes from missing regions neighboring area. At each threshold, the number of CC will automatically quantify the texture nature in the regions surrounding the missing area. Such quantification help determine the appropriate size of patch propagation. Next, we randomly select five non-overlapping blocks (image subsets) from the image of interest. We experimentally selected the size of the image subsets to be 25 rows by 25 columns. For each image subset, calculate the number of connected components at a given threshold. Repeat the process for all eight rotations of ULBP codes excluding the case 11111111 and 00000000. We used 120 images from [25] and we created a database of 120 natural low-texture images, see Figure 2 , taken randomly from google images. As a result of selecting 5 image subsets from each image, we end up with 1200 image subsets of 240 original images where 600 of them are subsets of rich textured images and the other 600 are subsets of low-textured ones. We constructed an increasing sequence of simplicial complexes at 6 different distance thresholds and computed the number of CC at each threshold. The classification technique used is linear support vector machine SVM. Three different protocols used for classification, P1) 40 image used for training and 200 images used for testing P2) 80 image used for training and 160 for testing, P3) 120 image used for training and the other half which is 120 image used for testing and finally P4) 200 images used for training and 40 images for testing.
Any input image needs to bypass three checks to be classified as rich/high textured image or not. First, out of 8 uniform LBP code rotations, at least 5 rotations must vote in favor of High Texture (HT) so that an image subset will be classified ) , ( c c y x as a textured subset. Second, out of 5 image subsets, at least 3 must vote in favor of high texture in order the image to be cast as a rich textured image. Following the same process to categories an input image as a Low-Textured (LT) image. Finally, out of the 3 best ULBP geometries, at least two geometries must vote in favor of HT or LT then the image will be casted as a HT or LT. Hence, the missing regions surrounding area will be treated as a HT or LT when we apply exemplar based inpainting method. Figure 3 below, show that topological features at threshold T=10 perform better to discriminate HT regions in comparison with other thresholds, and among 7 ULBP geometries G1, G2, and G6 are performing better as a discriminating texture feature. Therefore, we use the three best performing geometries to quantify the amount of texture in missing region's surrounding area and consequently the patch size will be determined. From the 5 image subsets selected, if 3 subsets voted in favor of HT, then we select the patch propagation size to be 7-by7 whereas the patch propagation size will be 5-by-5 if 4 or all 5 image subsets voted in favor of HT. On the other hand, the patch propagation size will be 11-by-11, 13-by-13 and 15-by-15 if 3, 4 and 5 image subsets voted in favor of LT respectively. Moreover, we experimentally noticed that one can select the patch propagation size for LT regions to be 21-by-21 when the size of the missing region is reasonably large, i.e. when 25% of the image is unknown/missing. The best topological threshold is not always fixed at T=10, this will change according to the nature of the images as well as the landmark point distribution. Rich textured images used for training and testing have many strong edges and lines. The reason behind good different performance of ULBP geometries is that G1 and G6 are edge descriptors inside LBP and G2 represent an end of a line. Next step after selecting appropriate patch size for filling procedure is patch filling priority. In other words, where is the best place to start the information propagation into the missing region? Next section contains discussion about the priority function which we modified by adding what is known as curvature of isophote to the priority function to make sure that the strong/long edges on the border of the missing region restored sequentially.
PATCH FILLING PRIORITY
One of the challenges in filling missing region is to decide where the filling procedure should start? The best filling method would be the one that gives high preference to the regions which continue the structure of the image to the missing area in the beginning and then propagating the texture in the missing area. Criminisi et al in [6] proposed that one can decide the order of filling priority based on 1) how reliable is the information surrounding the pixel ( known as confidence term) and 2) a function that measures the strength of isophote that first hitting the front of the border of the missing area (known as Data term). The priority function ( ) is the product of two terms [6] :
where ( ) is the confidence term and ( ) is the data term, and they are defined as follows:
Where | | is the area of , ∇ is a gradient of the image I, is a normalization factor (e.g., α = 255 for a typical greylevel image), ∇I p ⊥ is the isophote (direction and intensity) at point , n p is a unit vector orthogonal to the front Ω in the point and ⊥ denotes the orthogonal operator. Data term boosts the priority of the patch that an isophote flows into. Anupam et al in [12] proposed a summation approach whereby they added weights to both confidence and data term. Our approach is a modified version of that in [12] except that we added a total variation operator (i.e. |∇ | − 1 2 ) to the whole priority weighted function. This operator is of fundamental importance because it encourages linear structures to be synthesized first, and, therefore propagated securely into the target region. The mathematical formula of our approach can be described as follow:
Where 1 and 2 are respectively the component weights of the confidence and the data terms and 1 + 2 = 1. In equation (6), ( ) is the confidence term defined as follow:
Where is the regularizing factor for controlling the curve smoothness, ( ) and ( ) represent the confidence and data terms defined in (4) and (5) respectively. Note that in some cases we end up getting a zero value for data term. This will produce artefacts after we finish the filling procedure. To overcome this issue, we redefined the data term by adding the curvature of isophotes [26] to it and this has a significant effect on priority, see figures in the experimental result section. The redefined data formula after curvature isophote addition is as follow: weighted values to be 0.7 and 0.3 respectively. The curvature model enhances the driving of diffusion along the isophote directions and thus allows propagating of thicker regions in the beginning. This approach works in some scenarios, however, it will not produce a good reconstructed image in some cases. Therefore, we proposed an adaptive method to select 1 and 2 . We measure approximately the quantity of structure that we need to propagate inside the missing region using the approach discussed in [16] . Roughly speaking, in [16] Deng et al proposed separating the priority function definition such that they first propagate geometry into the missing region, which gives the number of patches needed to recover missing regions structure, then synthesizing image texture. Full details of this approach can be seen in [16] . We used this approach, i.e. the ratio of the calculated number of structured patches that needed to be filled in the missing region, to represent 1 and consequently 2 will be calculated. As a result, we improved the method of reconstructing the structure of the missing region (i.e. curves, corners, and edges) in a more deterministic and trustful way that only depends on the content of the image. Now, the patch with high priority has been determined to be searched for its matching in the rest of the image, which we call a template. The final step is searching to find the best patch that matches the selected patch to be filled in. The process to find the best patch match is known as matching criteria, introduced in the next section.
MATCHING CRITERIA
Finding the patch that best matches the selected (template) patch, from the previous section, to reconstruct the missing region is critical. The SSD between template patch and the candidate patch outside missing region in spatial domain used by [6] , [7] , [8] and [16] . In [13] the computed SSD between the template patch and the candidate patch outside missing region in spatial as well as in divergence and gradient domain conducted. This approach improved recovering texture in the missing region. However, still in some cases visible artefacts will be produced. To avoid getting artefacts in this final stage, we experimentally improved this by first computing SSD in the spatial domain then in the gradient and Laplacian domain. In other words, we add the SSD in spatial, gradient and Laplacian domain between the template patch and candidate patches. The patch with the smallest Euclidean distance is not necessarily the best candidate patch to be replaced by the template/destination patch.
Therefore, we suggest the second stage of similarity measurement as follow:
 Determine the 30 nearest patches to the template patch with smallest SSD.
 Measure the Normalized Correlation Coefficients (NCC) between the template and the 30 nearest patches to get the patch which has NCC closest to 1.
We tested the case of selecting all the patches in the surrounding area of the missing region and calculated NCC, and the result with that of 30 patches were similar. Therefore, to reduce the time we stick to the 30 nearest SSD patches.
As a result, texture properties will be preserved by second matching stage. This patch-based filling criterion helps achieve speed efficiency, accuracy in the synthesis of texture and accurate propagation of linear structures. Finally, we copy the most similar patch to the destination patch and update the information of the destination patch. The Process in section 4 and 5 will be repeated until all missing region will be recovered. 
EXPERIMENTAL RESULTS
Our proposed approach implemented and compared with the algorithms [6] , [12] , and [15] for several different images. These methods include basic as well as improved and more recent methods to fill in the missing regions in a visually acceptable manner so that the inpainted target region mimics the source region in appearance. More precisely, we tested our proposed approach on 75 natural images that contain missing regions of different sizes as well as random locations for the same image. Below, Figure 4 and Figure 5 , we present a selected number of the images we implemented our approach together with different algorithms such as [6] , [12] and [15] to compare the performance of our approach. . Inpainted image using [6] , [12] , [15] and our approach in (c), (d), (e) and (f ) respectively. Inpainted image using [6] , [12] , [15] and our approach in (c), (d), (e) and (f ) respectively. Above figures, Figure 4 clearly depicts that our approach is outperforming [6] and [12] while getting roughly similar result in comparison with [15] . Figure 4 clearly illustrate the success of our approach to remove the unwanted object in two images. While, Figure 5 clearly illustrate the success of our approach to reconstruct the missing region in two images. Furthermore, our approach is outperforming the start of the art algorithms especially when the size of the missing region is big and at the surrounding area of the missing region has high texture and structure. More precisely, in Figure 4 and Figure 5 where the missing region is relatively big and to reconstruct the missing information, one needs to continue the edges outside the missing region into inside the missing region. This shows that our approach can successfully reconstruct sharp edges sequentially even when the missing region is large due to good patch size propagation selection using topological invariants. As a result, the priority function determined the best location to propagate the information in a steady manner. The missing region now reconstructed fully based on the information in the surrounding area. Next, it is necessary to check the quality of the restored image so that one can check the suitability of the algorithm as well as whether the produced image is visually acceptable or not. Next section will contain inpainting image quality assessment using different objective image quality assessment measurements.
INPAINTING QUALITY ASSESSMENT
An accurate evaluation method which simultaneously assesses inpainted images qualitatively and quantitatively is not an easy task and has not been fully solved yet [27] . Therefore, we depended on visual analysis to assess inpainted images qualitatively. However, for quantitative evaluation, we calculate the peak signal-to-noise ratio (PSNR), Structural Similarity (SSIM) and Mean Square Error (MSE). The table below summarizes calculated MSE, PSNR, and SSIM to compare our approach with approaches in [6] , [12] , and [15] . Table 1 depicts that our inpainting approach is capable of effective region filling and gives a relatively higher PSNR value with low MSE value and the value of SSIM is close to 1. The image quality measures used in Table 1 clearly shows that our approach is outperforming the approaches in [6] , [12] , [15] however, our technique takes a bit more time due to the amount of calculation in matching stage. During the testing, it was found that while some images could look visually pleasing and similar but they have different PSNR values.
CONCLUSION
We proposed a novel topological exemplar-based inpainting technique to improve the algorithms proposed in the literature to remove and reconstruct large missing regions when there is high texture in missing region's surrounding area. We also illustrated that priority function in exemplar-based inpainting can be improved further via adding total variation measurement for the whole priority function and we also added curvature operator feature of the isophotes to gain more insight about the structure of template patch, which helped to extend the lines and edges in the missing regions. We also proposed a new criterion for matching template patches with candidate patches in the missing region's surrounding area. Experimental results illustrated the success of our approach and image quality measures confirmed the suitability of our technique. Finally, our proposed topological EBI produces a visually plausible image.
In the future, other topological invariants other than connected components can be used to further quantify the amount of texture in missing regions surrounding area such as the number of loops (i.e. holes). Beside ULBP landmark points one can also use operators like local derivative pattern to build simplicial complexes and consequently extract topological features. Furthermore, we aim to use TDA to check the quality of different inpainting algorithms instead of using only statistical measurements. Finally, this work can also be extended to check the suitability of the proposed method when the missing region is more than 25% of the total size of the image.
